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Abstract 
This paper analyzes the effect of household income on the graduation level on a county scale 
across the United States, following the hypothesis that household income should have a positive impact 
on graduation rates, measured in the percentage of people ages 18 to 24 with at least a high school degree 
as the dependent variable.  Data from the 2010 US Census is used to estimate simple and multiple 
regression models. Other independent variables used are teen birth rate, average household size, poverty 
level, percent of people 25 and older with at least a high school degree, urban/rural location type, 
logarithm of household income, and percent of people ages 45 to 64 with at least a high school degree to 
take into account family history and regional differences and reduce omitted variable bias. The simple 
regression shows a positive relation between graduation rate and household income. The multiple 
regressions show that most independent variables have the hypothesized relation with the dependent 
variable, but fail to provide conclusive evidence about the hypothesis. 
 
I. Introduction 
“The source of America's prosperity has never been merely how ably we accumulate wealth, but how well 
we educate our people. This has never been more true than it is today. In a 21st-century world where jobs 
can be shipped wherever there's an Internet connection, where a child born in Dallas is now competing 
with a child in New Delhi, where your best job qualification is not what you do, but what you know -- 
education is no longer just a pathway to opportunity and success, it's a prerequisite for success.​” 
-President Obama during speech to US Hispanic Chamber of Commerce 2009 
 
The high school graduation rate is an important metric in the analysis of the U.S educational 
system.  Research has found that graduating high school is a key indicator of the type of wages a worker 
will earn over the course of their lives (Jaeger and Page 1996).   Even though a high school diploma has 
become commonplace compared to the workforce of 100 years ago, the impact of education can be felt 
across the economy (Goldin and Katz 2008).  When considering the benefits of increases in education and 
cognitive levels have on countries (Shanushek and Woessmann 2008), the high school graduation rate 
should not be taken for granted. Currently, the United States ranks below the OECD average for 
secondary school graduation rates**.  In the 1960s, the U.S. had the highest high school graduation rate in 
 
the world.  However, the rate stagnated as other countries saw massive increases in their graduation rates 
Murnane (2013).  
We expect the mean household income level for a county to be positively related to the 
percentage of the population of 18 to 24 years olds with a high school diploma or equivalent in that 
county.  If household income has a very strong link to graduation rates, then the productivity of the 
workforce can be greatly increased by increasing household income.  It would also mean that both 
economic mobility and inequality could be targeted by policies designed to lessen the gap between the 
education received by different socioeconomic levels.  
We also are concerned with other non-monetary contributions of the society to education, such as 
if the parents are also educated, and proximity to cities. We assume that school quality within a county is 
relatively homogeneous, even though there will be differences between high schools (not taking into 
account the effects of local, district-only funding). 
 
 
II. Literature Review 
Stark, Noel, and McFarland (2015) analyzed key factors and statistics in high school dropouts. 
The research showed that in 2012, students living in low-income households had a 5.9% event dropout 
rate compared to the 1.6% event dropout rate enjoyed by students from high-income backgrounds. A 
4.6% difference in the event dropout rate between low and high-income students showed a factor in the 
hindrance of economic mobility.  In the paper, the term low-income is used to describe families whose 
incomes are in the bottom 20%.  It follows that high income are families whose income is in the top 20%, 
leaving middle income to fill up the remaining 60%.  From 1975, a decrease in the high school dropout 
rate is seen, followed by an increase in the early 1990s and then a decrease until a period of stagnation 
until 2012.  The period from 1975 until 2012 saw a decrease in the dropout rates of high schoolers across 
all socioeconomic levels; however, the inequality still persisted.  
Duncan, Kalili and Ziol-Guest (2017) looked at the demographics underneath the income-based 
gap in schooling. The demographics included family income, mother’s education, family size, two-parent 
family structure, and age of mother at birth. They used data spanning 31 cohorts born between 1954 and 
1985 from the Panel Study of Income Dynamics (PSID), finding that over the period of time they 
observed, the income gap grew between bottom quintile and top quintile income families. However, these 
were not the only demographic changes occurring during this time frame.  For instance, the two-parent 
family structure rates decreased for low income families, while mother’s age increased for higher income 
families.  Duncan, Kalil and Ziol-Guest found that family income and maternal education were the largest 
 
indicators of children’s education attainment.  Thus, in addition to the simple regression of graduation 
rates on household income, it is important to do a multiple regression that controls for some of these other 
demographic factors. 
Card and Krueger (2000) studied the effects of school quality on the rate of return to education, 
finding that school quality, measured in terms of such variables as student/teacher ratio, length of term, 
and relative teacher pay, is unsurprisingly positively related with the rate of return, measured in the 
logarithm of weekly earnings.  We believe that a higher returns to education would incentivize individuals 
to complete more years of schooling, implying higher rates of high school graduation; therefore, the same 
independent variables should have the same effect on rates of high school graduation as rate of return to 
education.  It is important to note that the Card and Krueger analysis discredits parental education and 
household incomes as having an effect on the rate of return to education, and specifically eliminates 
variables not intrinsic to the schools themselves, purposefully controlling for the effects of  differing 
locations and family backgrounds; we will attempt to do the opposite, considering geographic and income 
differences as important factors in school quality, and including them explicitly as  independent variables, 
to better focus on internal differences across the United States. 
Kearney and Levine (2016) investigated whether locations burdened by high income inequality 
had lower rate of high school graduation among individuals who had low socioeconomic status.  The 
research looked at the perceived return on investment by students on continuing their high school 
graduation, showing that students of low socioeconomic status perceived dropping out as more beneficial 
more often than their more wealthy counterparts.  The research found that males who fit this category 
were much more likely to drop out if they lived in areas of high income inequality.  The study also found 
that girls of low socioeconomic status living in such areas were much more likely to become unmarried, 
young mothers.  The findings gave reasoning behind the perpetuation of economic inequality in that 
students were shown to respond from massive gaps between them and the middle class by dropping out.  
This paper aims to determine the impact household income has on graduation rates by specifically 
taking into account variation on a county level across the United States, unlike previous papers that look 
at overall trends.  We vary the size of the geography covered in the data, using the entire United States 
and looking at a county level rather than individual families. This paper uses more recent data than the 







The following variables were used for the analysis and will hereafter be referred to by their 
abbreviations.  All data is taken at the county level. 
 
Table 1. Variables 
Variable (Units) Abbreviation Type Year Source 
Percent of 18-24 year olds with 
a high school degree or 
equivalent (%) 
HS1824 Dependent 2010 U.S. Census Bureau 
Avg. Household Income, yearly 
($) 
HHIncMean Independent 2010 U.S. Census Bureau 
Average Household Size 
(people) 
AHHSize Independent 2010 U.S. Census Bureau 
Percent of county that lives in 
an urban area (%) 
Urban Independent 2010 U.S. Census Bureau 
Percent of county below 
poverty line (%) 
PovertyLevel Independent 2010 U.S. Census Bureau 
Percent of people ages 25+ with 
at least high school degree (%) 
HSorAbove25 Independent 2010 U.S. Census Bureau 
Teen births per 1000 teen 
females aged 15-19 (‰=0.1%) 
TeenBirthRate Independent 2010 U.S. Data.GOV 
Logarithm of average 
household income, yearly ($) 
lHHIncMean Independent 2010* (*taken by the natural 
log of HHIncMean) 
Percent of people ages 45-64 
with at least HS degree (%) 
ParEduc Independent 2010 U.S. Census Bureau 
 




The dependent variable in all regressions is the percentage of the population of 18 to 24 year-olds 
with a high school degree or equivalent, used as a proxy for graduation rates. The use of the percentage, 





The census gives household income in both mean and median form; we are using the mean rather 
than the median to recognize the effects of outliers.  This variable is used as an indicator of the county’s 
wealth level and is our primary interest; it is used in the simple as well as the multiple regressions. In 
counties that have a high mean household income, the budgets for schools should be larger therefore 
directly contributing to higher graduation rates. 
HSorAbove25 
A higher value represents a more educated population, meaning students who grew up in these 
counties were surrounded by adults who had already judged it worthy of their time to graduate high 
school, raising the perceived benefits of education and incentivizing high school graduation.  This 
variable is used as a proxy for the education of the parents. 
Urban 
The US Department of Education reported that high school students in rural areas graduate at a 
higher rate than those in urban areas (Marcus 2018). One of the reasons discussed is that there are usually 
more distractions to students’ schooling in urban areas, such as crime. Because of this statistic, we expect 
that those living in urban areas will graduate at a lower rate in this model.  
PovertyLevel 
Households that are below the poverty level are expected to have lower rates of graduation for the 
children. Previous literature has suggested that this may be due to many parents in this category not 
having enough time to spend with their children because they may work extra jobs to get the income they 
have. Children living in these households often have to work to help contribute to the household income 
from an earlier age, with some choosing to work instead of completing high school. Higher poverty 
affects students’ perceived return on investment for graduation (Kearney and Levine 2016).  
AvgHHSize 
The number of children a set of parents have can decrease an individual child’s education 
attainment because a parent has less time available to help each child with school work or other activities. 
A large household also creates the possibility of older siblings dropping out to support a large family. 
The counties with higher averages are expected to have lower rates of graduation in the 18-24 age range.  
TeenBirthRate 
When a teen becomes a mother they have to provide for a family at a young age; when they are in 
a lower income area, they drop out at higher rates than those in higher income areas to be able to get jobs 
 
to support themselves. We expect that the higher this rate is, the lower the graduation rate for that county. 
Girls in low income areas are much more likely to drop out than their richer counterparts (Kearney and 
Levine 2016).  Although the data in the regression is in units of permille, we will generally interpret it 
with the equivalent unit of 0.1%. 
lHHIncMean 
This variable replaced HHIncMean in later models to better account for the shape of the data (see 
Appendix A); income tends to be positively skewed. 
ParEduc 
This variable replaced HSorAbove25 to better account for possible ages of the parents. In a 
county with more parents being high school graduates, it would make sense for that county to experience 
higher levels of high school graduation rates because graduation is seen as an expectation instead of a rare 
occurrence.  
 
Table 2. Summary Statistics 
Variable 
(abbrev.) 
Observations Mean Standard 
Deviation 
Minimum Maximum 
HS1824 3,135 78.81% 9.81% 19.5% 100% 
HHIncMean 3,135 $56,618.57 $13,794.12 $28,594 $137,811 
HSorAbove25 3,135 35.64% 6.92% 8.2% 54.6% 
Urban 3,135 40.53% 31.52% 0% 100% 
PovertyLevel 3,135 20.90% 9.82% 0% 63.28% 
AvgHHSize 3,135 2.51 0.25 1.76 4.47 
TeenBirthRate 3,135 4.057% 1.858% 0.410% 12.493% 
lHHIncMean 3,135 10.92 0.2183 10.26 11.83 
ParEduc 3,135 86.23% 7.698% 40.8% 100% 
 
 
We perform a simple regression of HS1824 on HHIncMean, as well as three multiple regression models 
using various independent variables.  We first check if these regressions satisfy the Gauss-Markov 
assumptions. 
 
Linear in Parameters 
We assume that in the population, the dependent variable can be written as a linear combination 
of the independent variables, plus an error term; the scatter graphs between each of the independent 
variables and the dependent variable (included in Appendix A) appear to come from linear relationships, 
satisfying our assumption.  
Random Sampling 
All data is taken from the US Census or data.Gov, two government agencies who gather data on 
known households.  Sampling in this situation is random as there are no groups specifically targeted when 
collecting data.  Every known house is targeted for data collection, making these sources very reliable. 
No Perfect Collinearity 
It is evident that none of the independent variables are constant in the sample.  Second, it is 
reasonable to assume that there are no direct linear relationships between any combination of them, since 
in the sample, no correlation coefficient between any two independent variables is not close to 1 (see 
Appendix B). This satisfies the assumption of no perfect collinearity.  
Zero Conditional Mean 
We assume that the independent variables contain no information about the size of the error; zero 
conditional mean is not likely to be satisfied in the simple regression due to omitted variable bias, but is 
more likely to be satisfied in the multiple regression. However, there will likely always be information 
about the unobserved factors not accounted for in the independent variables. Formally, we assume that for 
our ​k​ variables, E .u|x , ..., x )( 1   k = 0  
Homoskedasticity 
We assume that the independent variables contain no information about the variance of the error; 
formally, Var .u|x , ..., x )( 1   k = σ
2  
Because the data comes from the census and includes over 3,000 data points, we may safely 
assume that the regression does not suffer from the problem of micronumerosity caused by small samples 
with little variation in the independent variables.  Moreover, given the “low” correlation coefficients 





Simple Linear Regression and Multiple Linear Regression 1 
 
Table 3. Estimated Parameters and Standard Errors, SLR and MLR1 
Dependent Variable HS1824 
Independent Variables SLR MLR 1 
HHIncMean .0002069 (0.0000122)*** -.0000593 (0.0000173)*** 
Urban  .0760405 (0.005643)***  
HSorAbove25  .209553 (0.03314)*** 
PovertyLevel  -.0765522 (0.02399)*** 
AvgHHSize  -3.08814 (0.7241)*** 
TeenBirthRate  -.1477874 (0.01311)*** 
Intercept 67.09139 (0.7087)*** 77.0277 (3.7938)*** 
No. of Obs. 3,135 3,135  
R-square 0.0843 0.2760 
Estimated Value (Std. Error)              *Significant at 10%, **5%, ***1% 
 
 
Simple Linear Regression:​ β x uy = β
︿
0 +  
︿
1 +   
 ​HS1824 = 67.0914 + .0002(HHIncMean) + ​u 
The simple regression shows a positive relation between HS1824 and HHIncMean ( ),0002β1 = .  
as predicted.  We note that measuring HHIncMean in thousands of dollars, rather than dollars, changes 
the slope parameter to , a result that is more useful for interpretation: the regression predicts that2β1′ = .  
for each increase of a thousand dollars in mean household, there is a 0.2% point increase in graduation 
rates.  Equivalently, an increase of five thousand dollars in mean household income can be expected to 
produce a 1% point increase in graduation rates, an economically significant change.  However, the very 
 
low R-squared value of 0.085 evidences that very little of the variation in graduation rates is captured by 
this regression, and prompts us to include other relevant variables in hopes of capturing this variation. 
 
Multiple Linear Regression 1:​ ​ β x  y = β
︿
0 +  
︿
1 1 + β x   β x   β x   β x   β x  u 
︿
2 2 +  
︿
3 3 +  
︿
4 4 +  
︿
5 5 +  
︿
6 6 +   
HS1824 = 77.0277 - .00006(HHIncMean) + .0760(Urban) + .2096(HSorAbove25) - 
.0766(PovertyLevel) - 3.0881(AvgHHSize) - .1479(TeenBirthRate) + ​u 
Whether each independent variable has a positive or negative effect on HS1824 is given by its 
sign in the equation. To better give a sense of the magnitudes of the effects of each of the independent 
variables, the model predicts that a 1% point increase in HS1824 can be caused by any of exactly one of 
the following changes, ceteris paribus: HHIncMean ​decreases ​by $16,667; Urban ​increases​ by 13.158 
percentage points; HSorAbove25 ​increases ​by 4.77 percentage points; PovertyLevel ​decreases ​by 13.054 
percentage points; AvgHHSize ​decreases ​by .32 people; TeenBirthRate ​decreases ​by 0.676 percentage 
points.  
For all of the independent variables but two, the sign of the relationship between the dependent 
variable and each of the independent variables, given by the sign of their individual slope parameters, is 
as hypothesized. The exceptions are Urban and HHIncMean. 
The relationship between HS1824 and Urban is positive, when we predicted it to be negative. 
Simply, our prediction could have been incorrect; there are factors of urban centers (such as access to 
technology, proximity to schools) that would positively influence graduation rates, and these positive 
factors must outweigh the negative ones. 
 Particularly surprising is the negative relation between HS1824 and HHIncMean.  The variables 
themselves are positively correlated (for all of the other independent variables, the sign of the slope 
parameter matches the sign of the correlation with the dependent variable, as expected). Furthermore, 
HHIncMean showed a positive relationship in the simple regression.  
This anomaly may be due to the interference of collinearity; that is, the true “positive” effect of 
HHIncMean is eaten away by the presence of related secondary independent variables that are now 
explicitly included in the regression, the result of a violation of the third Gauss-Markov assumption. 
Looking at the correlation coefficients table, we note that all of the coefficients above .50 involve 
either PovertyLevel or HSorAbove25, making them prime suspects for collinearity.  This makes intuitive 
sense, since PovertyLevel depends directly on HHIncMean, while HSorAbove25 is clearly related to 
HS1824, since members of the second category become members of the first with stunning ease (albeit 
requiring a little bit of time).  These two variables were therefore eliminated in following regressions. 
 
 
Multiple Linear Regressions 2 and 3 
 
Table 4. Estimated Parameters and Standard Errors, MLR2 and MLR3 
Dependent Variable HS1824 
Independent Variables MLR 2 MLR 3 
HHIncMean -0.00000517 (0.00000154)  
Urban 0.07895 (0.005586)***  0.07876 (0.005676)*** 
AvgHHSize -4.7499 (0.6983)***  -4.9805 (0.7059)*** 
TeenBirthRate -0.2063 (0.01096)*** -0.2113 (0.01171)*** 
lHHIncMean  -0.05579 (1.0105) 
ParEduc  -0.3756 (0.02292) 
Intercept 96.2099 (1.6205)*** 100.5635 (10.7916)*** 
No. of Obs. 3,135 3,135 
R-squared 0.2612 0.2618 
Estimated Value (Std. Error)              *Significant at 10%, **5%, ***1% 
 
MLR2: β x  y = β
︿
0 +  
︿
1 1 + β x   β x   β x  u 
︿
2 2 +  
︿
3 3 +  
︿
4 4 +   
HS1824 = 96.20995 - 5.17E-6(HHIncMean) + .078949(Urban) -  
4.749923(AvgHHSize) - .2062998(TeenBirthRate) + u 
MLR3: β x  y = β
︿
0 +  
︿
1 1 + β x   β x   β x   β x  u 
︿
2 2 +  
︿
3 3 +  
︿
4 4 +  
︿
5 5 +   
HS1824 = 100.5635 -.0557866(lHHIncMean) + .0787621(Urban) - 4.980473(AvgHHSize) - 
.211304(TeenBirthRate) - .037651(ParEduc) 
The second MLR sought to improve the first by eliminating variables thought to be interfering 
due to collinearity.  The estimated effect of HHIncMean was negative, contrary to the hypothesis; 
however, the estimated value was not significant, which we discuss in the following section. 
The third MLR replaced HHIncMean with its lHHIncMean, and included the new variable 
ParEduc.  Once again, the estimated effect of the primary variable, lHHIncMean was negative, but not 
 
significant.  Similarly, the estimated slope parameter of ParEduc was negative, contrary to the hypothesis, 
but not significant. 
The R-squared value in both regressions represented a decrease from the first multiple regression, 
which is unsurprising given that they included less variables.  However, it also suggests that the variables 
specified in these models were no better in explaining the variation in high school graduation than those 
in the first. 
 
Statistical Inference 
The t-statistics, p-values, and 95% confidence intervals for the estimated parameters for each of 
the four models is included in Appendix C.  For nearly all of the variables, the estimated parameters were 
significant at 1%, which suggests that the model is not overspecified.  Most relevant to the hypothesis, we 
discuss the 95% confidence interval of the primary independent variable in each of the regressions 
(HHIncMean in SLR and MLR1, lHHIncMean in MLRs 2 and 3, both variables hereafter referred to as 
simply “income” and “log income”); we also look at ParEduc as the only other variable not significant at 
1% in all regressions. 
As noted before, the simple regression predicted a significantly positive effect of income on 
graduation rates, consistent with the correlation between the two variables. In saying “significantly 
positive,” we mean that the 95% confidence interval contains only positive values, supporting the 
hypothesis that the effect of income on graduation rates is indeed positive.  On the other hand, MLR1 
predicted a significantly negative effect of income on graduation rates, strong evidence against the 
hypothesis.  
Because of this unexpected outcome, later models sought to better specify variables and isolate 
the true effect of income.  However, MLR2 predicted a negative effect of income on graduation rates, but 
not a significant one, evidenced by the fact that the confidence interval contains both negative and 
positive numbers.  That is, although the model predicted, based on the data, a negative effect, it also 
concedes that it is plausible that the overall, true effect is positive.  Whether the hypothesis is true or false 
is inconclusive. Similarly, MLR3 predicted a negative effect of log income on graduation rates, but not a 
significant one, leaving the hypothesis inconclusive. 
Thus, the changes made in specifying MLRs 2 and 3 failed to provide statistical evidence to reject 
or support the hypothesis (the coefficient was not significant). 
ParEduc was the only other variable not to be strongly significant in the regression(s) in which it 
was included; moreover, its slope in MLR3 was negative, contrary to the expected. One possible 
explanation is that the variable of parental education is irrelevant, which we attempt to refute in the 
 
following section.  Another explanation is that the variable as defined (see Table 1) is not a good 
measurement for parents’ education.  
 
IV. Extensions 
Given the strong significance of nearly all of the variables used, the presence of two 
non-significant variables in MLR3, lHHIncMean and ParEduc, opens the door for an F-test.  As noted 
before, if these two variables were individually significant, because their slopes are negative, we would 
reject our hypothesis.  However, since they are not individually significant, it is possible that they are 
irrelevant to the analysis, as Card and Krueger (2000) found in the case of returns to education.  We thus 
run a test of joint significance on lHHIncMean and ParEduc, concluding that they are irrelevant if their 
slopes are both zero. 
Using MLR3 as the unrestricted model, and the restricted model as given in Appendix D, we 
calculate the F-statistic for the hypothesis vs.  , with 2 restrictions and H0 : β1 = 0 = β5 H  not trueHA :  0  
3,129 degrees of freedom, getting ​F = .  Since the F-statistic is far greater than17222833.908/3129
(267988.867−222833.908)/2 = 3  
the 5% critical value of 3.00, we overwhelmingly reject the null hypothesis in favor of the alternate that 
the variables are jointly significant.  
To conclude, neither lHHIncMean nor ParEduc is irrelevant for explaining graduation rates, but 
MLR3 fails to provide a significant estimate of whether their effects are positive or negative.  Thus, it is 
probable that MLR3 is misspecified. 
 
V. Conclusions 
This paper aimed to show the effects of average household income on high school graduation 
rates per county across the United States with the hypothesis that there would be a positive correlation 
between average household income and high school graduation rates. The data showed that household 
income had a significant positive effect on high school graduation rates in a simple regression model, but 
a significant negative effect in a multiple regression model.  Later multiple regression models, built on 
improving specification, showed a very weak negative effect that was not statistically significant. 
Considering the data collected, our hypothesis - high school graduation rates per county are positively 
correlated with median household income per county - can be neither rejected nor validated.  Further, a 
joint test of significance showed that the logarithm of household income, along with parents’ education, is 
significant. 
Overall, the regressions explained very little of the variance of high school graduation rates, 
though most of the variables used were individually significant.  With the collection of more data and the 
 
inclusion of more, well-specified variables, a superior explanation can be offered. Policies intended to 
raise graduation rates would need to consider variables that provide a higher explanation of the variance 
in high school graduation rates in order to ensure a variable with more explanatory power has not been 
unaccounted for. 
Finally, the study was limited in its ability to use data regarding individual school levels of 
counties across the United States. A future project might benefit from incorporating school performance 
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Appendix A. ​Scatter Graphs of Independent Variables 
The scatter graphs between each of the independent variables and the dependent variables show a 





























Appendix D. ​Restricted Model for F-Test 
 
 
 
